This online appendix contains material that was excluded from the article due to space constraints. First, we provide greater detail on the data and methods underlying our measures of insurer network breadth ("discharge share" and "expected utility"). Second, we present a number of figures and tables discussed but not included in the published article.
We match hospitals in each of these two datasets to American Hospital Association (AHA) IDs based on name and location, and then merge the datasets using the AHA ID. Hospitals lacking an AHA ID, but present in both the network and discharge datasets are assigned a synthetic ID and included in the analysis. As a test of the accuracy of our process, we calculate the share of beds in a ratings area (according to the AHA) that is accounted for by hospitals appearing in at least one network for that ratings area. We find that ratings area 26 has a relatively low "share captured" (64%), and this is among the reasons we exclude ratings area 26 from our estimation sample. The other semi-outlier is ratings area 1, with a share captured of 75%. Across the remaining areas (2-25), the lowest share captured was 92%, and the average was 99%.
As we note in the paper, the discharge share is calculated as the ratio of patient discharges in hospitals belonging to a network over the total number of discharges to patients residing in the ratings area.
We construct our measure of the expected utility that a consumer will obtain from choosing a given network following the approach laid out in the existing literature (Capps et al., 2002; Ho, 2006 Ho, , 2009 . The first step is to estimate a discrete choice model for hospitals allowing for differences across individuals. We do this using the flexible semiparametric estimator described in Carlson, et al. (2012) . This approach involves first partitioning patients into mutually exhaustive bins based around their demographic characteristics and conditions. 2 Then we use the empirical probabilities that observationally equivalent individuals within these bins go to different hospitals to form predicted choice probabilities for the relevant set of hospitals for each bin. These predicted probabilities are merged back to the patient-level data so that we have a predicted probability for each relevant hospital for each patient in our sample.
3
In order to turn these predicted probabilities into estimates of expected utility, we use the formula presented in Berry (1994), which recovers consumers' expected utility for each hospital as the difference between the logged probability of visiting that hospital and the logged probability of visiting a reference facility. In our application, the expected utility of each hospital is measured relative to that of a large provider utilized by many consumers state wide: Medical City Dallas Hospital. 4 In those cohorts where this choice was never utilized, we impose that it nonetheless had a very small chance of being chosen so that the normalization utility is welldefined.
To form estimates of the ex-ante desirability of insurer networks, we follow broadly the same approach as Ho (2006 Ho ( , 2009 , aggregating over consumers within ratings areas. A key part of this aggregation process relates to consumers' ex ante expectations of suffering different conditions.
Like Ho, we assume that conditional on hospitalization, consumers' ex ante expectations for the MDC and severity weight reflect the empirical distribution for their age-cohort across the state.
acuity as proxied by the weight attributed to their diagnosis-related group (DRG). We use three such groups: low (weight under 1); medium (weight between 1 and 2); and high (weight above 2).
3 In an effort to avoid the problems posed by sparse bins, we implement a modest extension of the approach described in Carlson et al. This involves iteratively dropping categorizing variables, and forming new estimated choice probabilities. The choice probability from the richest model will be kept if calculated for a bin of at least a certain threshold size (in our case 20). If not, the choice probability will be taken from the second richest model, provided that it was calculated for a bin of at least the threshold size. This process was repeated until all observations had choice probabilities.
Unlike Ho, we assume that consumers' ex ante expectations for the probability of being hospitalized are given by the empirical distribution of hospitalizations within age-zip-code combinations. Notes: N=1,145. The unit of observation is the hospital-network-ratings area. Network-ratings area pairs are restricted to those that remain after imposing the following restrictions on plans: exclude metal colors other than silver, ratings area 26, multi-state plans, one observation with an Exclusive Provider Network (EPO), and the sole plans offered by Sendero and Community First that remain after applying these restrictions. Hospitals are restricted to General Acute Care Hospitals participating in at least one network in the relevant ratings area and successfully matched to a complete record in the AHA survey. ln(Hospital Prices) and CMI are derived from HCRIS data, and are missing for Critical Access Hospitals and a small number of other facilities with data problems. If either value is missing, the facility is coded as a Critical Access Hospital, and both are set to the sample mean. Medical School is one if a hospital is the main teaching affiliate of a medical school, based searches of medical school web sites. RA system is one if a hospital is in a system which has another member in the same ratings area. non-RA system is one if a hospital is in a system which has another member in the same state, but not the same ratings area.
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